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Abstract

Introduction: Dataset creation is one of the first tasks re-
quired for training Al algorithms but is underestimated in
pathology. High-quality data are essential for training algo-
rithms and data should be labelled accurately and include
sufficient morphological diversity. The dynamics and chal-
lenges of labelling a urine cytology dataset using The Paris
System (TPS) criteria are presented. Methods: 2,454 images
were labelled by pathologist consensus via video conferenc-
ing over a 14-day period. During the labelling sessions, the
dynamics of the labelling process were recorded. Quality as-
surance images were randomly selected from images la-
belled in previous sessions within this study and randomly
distributed throughout new labelling sessions. To assess the
effect of time on the labelling process, the labelled set of im-
ages was splitinto 2 groups according to the median relative
label time and the time taken to label images and interses-
sion agreement were assessed. Results: Labelling sessions
ranged from 24 m 11 sto 41 m 06 s in length, with a median
of 33 m 47 s. The majority of the 2,454 images were labelled
as benign urothelial cells, with atypical and malignant uro-
thelial cells more sparsely represented. The time taken to la-
bel individual images ranged from 1 s to 42 s with a median
of 2.9 s. Labelling times differed significantly among catego-

ries, with the median label time for the atypical urothelial
category being 7.2 s, followed by the malignant urothelial
category at 3.8 s and the benign urothelial category at 2.9 s.
The overall intersession agreement for quality assurance im-
ageswas substantial. The level of agreement differed among
classes of urothelial cells - benign and malignant urothelial
cell classes showed almost perfect agreement and the atyp-
ical urothelial cell class showed moderate agreement. Image
labelling times seemed to speed up, and there was no evi-
dence of worsening of intersession agreement with session
time. Discussion/Conclusion: Important aspects of pathol-
ogy dataset creation are presented, illustrating the signifi-
cant resources required for labelling a large dataset. We
present evidence that the time taken to categorise urine cy-
tology images varies by diagnosis/class. The known chal-
lenges relating to the reproducibility of the AUC (atypical)
category in TPS when compared to the NHGUC (benign) or
HGUC (malignant) categories is also confirmed.
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Introduction

Dataset creation is one of the first tasks required for
training supervised machine learning (ML) algorithms
[1] and involves assigning a label (e.g., a diagnostic cate-
gory) to a set of input variables (e.g., an image) — called
annotation. Annotation can be burdensome, especially in
a unique field such as cytopathology, as it needs to be un-
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dertaken by experts in the field [2, 3]. In fact, obtaining
such annotated datasets are considered an underestimat-
ed hurdle for the development of ML in pathology in gen-
eral [4] and is challenging, expensive, time-consuming,
and considered tedious by some [5]. As artificial intelli-
gence gains traction in pathology, pathologists will need
to validate algorithm performance — even commercially
procured algorithms - in their own laboratories which
will also require knowledge of dataset creation techniques
[1]. High-quality data are essential for training and evalu-
ating supervised ML algorithms and these algorithms re-
quire data of sufficient quantity and quality to perform
reliably in the real world [6]. Good quality datasets should
be labelled as accurately as possible and be unbiased with
respect to outliers [6]. In addition, pathology datasets
should include sufficient diversity to account for varia-
tions in illumination, focus, and staining as well as differ-
ences in morphology [4]. It has also been suggested that,
in the context of a field such as cytopathology, the behav-
iour of the expert annotators be monitored and that qual-
ity assurance (QA) measures are undertaken during the
labelling process [4]. Guidelines aimed at improving da-
taset creation and ML model evaluation in pathology
have been published by Marée [4]. These guidelines in-
clude suggestions to minimize bias in datasets created by
technical and biological variability and important factors
to consider during model evaluation and fine tuning. Pa-
thologists, working in conjunction with ML practitioners,
should keep these guidelines in mind when annotating
pathology data. A brief summary of important factors to
consider when creating pathology-specific datasets is
provided in Table 1.

The goal of this article was to discuss the dynamics of
labelling a small dataset of urine cytology images, high-
light the challenges inherent in pathology dataset cre-
ation, and to provide brief guidance for dataset creation
by pathologists. Specifically, we attempt to quantify the
time taken to label images and whether labelling time dif-
fers by diagnostic category. In addition, we assess intra-
observer variability in the labelling process and whether
longer labelling sessions results poorer annotation per-
formance. Previous literature, although not directly re-
lated to pathology, indicates that prolonged visual tasks
may result in a decrease in the speed of information eval-
uation and decision-making [7], and the authors suggest
that this is important to evaluate in a pathology context.

Presently, The Paris System (TPS) for Reporting Urine
Cytology [8], introduced in 2016, attempts to standardize
the reporting of urine cytology and to improve the reli-
able detection of high-grade urothelial carcinoma. Prior
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to the introduction of TPS, urine cytology was plagued by
relatively poor intra- and interobserver variability [9].
Studies to assess intra- and interobserver variability con-
ducted after the introduction of TPS have shown mixed
results [10-12], but despite the persistence of challenges
relating to intra- and interobserver variability in urine cy-
tology categorization, TPS has led to measurable im-
provements in the specificity, positive predictive value,
and diagnostic accuracy of urine cytology [13].

Furthermore, our data illustrates another important
aspect of dataset creation that is pivotal to pathology -
that of balanced datasets. This relates to the fact that each
diagnostic category (or class) needs to be equally repre-
sented in the dataset [4, 5] to maximize the accuracy of an
algorithm. In pathology, this is not always easy to achieve
as rarer entities/diagnoses may be underrepresented in
datasets and may require the use of additional techniques
to address [4, 14].

Materials and Methods

A dataset of 2,454 512 x 512px images derived from digitized
urine cytology slides was labelled. A total of 214 urine cytology
slides were digitized using a Pannoramic 250 digital scanner
(3DHISTECH Ltd., Budapest, Hungary) at X400 magnification,
resulting in 495,320 512 x 512px image patches. The slides were
obtained from the archives of 2 independent laboratories, both lo-
cated in Johannesburg, South Africa. Cases were retrieved retro-
spectively from June 2020. Cases of low-grade urothelial carcino-
ma were excluded. The 495,320 images were grouped into 1,000
clusters using K-means clustering with cosine similarity using
deep features extracted by a pre-trained Resnet50 neural network.
Initial screening of the clustering results selected 818 clusters for
labelling and excluded 182 clusters that contained excessive ob-
scuring inflammation or blood, artefact (including cracked cover-
slips) or only crystals. Examples of the types of images included
and rejected after initial clustering are presented in Figure 1. The
3 images closest to the cluster centroid of each of the 818 clusters
were manually labelled by 2 experienced pathologists by video
conference using custom labelling software. Seven labelling ses-
sions were conducted over a 14-day period. All sessions were held
in the evenings starting approximately between 19:00 and 19:40
pm.
During the labelling process, the following variables were re-
corded: label time in milliseconds (defined as the time between
displaying the image to the pathologists and assignment to a cat-
egory), the relative time the image was labelled in minutes and
seconds measured from the start of the labelling session, the as-
signed category (benign urothelial, atypical urothelial, malignant
urothelial, and squamous cells or reject) and whether the image
was a repeat, QA image.

TPS [8] for Reporting Urinary Cytology (2016) was used to clas-
sify urothelial cells, mimicking a real-world diagnostic setting with-
out biopsy correlation. Histologic follow-up is not readily available
in our local setting, and thus, we simulated our everyday diagnostic
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Table 1. Important factors to consider when creating a cytology dataset for ML [3, 4, 6, 19]

Ensure that a dataset accounts for the variability encountered in the real world
Accounting for technical differences — including differences in staining, technical staff preparing the samples, focus, image
acquisition methodology/settings (including using different slide scanners) and examples from different laboratories

Accounting for the morphologic variability in pathologic material

Magnification used in the real world

Include an “other/reject” category to account for non-cellular objects and artefact

Ensure that the dataset is of sufficient quality

All objects/classes should be as equally represented in the dataset as possible

Datasets should lack outliers or missing features

Annotator behaviour should be monitored during the annotation process to minimize labelling bias and annotator fatigue

Ensure appropriate QA in the annotation process

Pathology datasets should be annotated by domain experts (e.g., pathologists, cytologists, and technologists)
All annotators should be familiar with, and use the same criteria for classification (e.g., accepted cytology classification systems, such

as TPS)

Inter- and intra-observer variability/agreement should be monitored during the annotation process

Ensure algorithms are evaluated appropriately

A sufficient number of examples should be labelled to allow for a dataset to be split into 3 parts — a training set, a validation set, and a

test set

The training set is used to train the algorithm, the validation set is used to fine tune the model’s parameters, and the test setis a
completely unseen set used to assess the model’s performance on real-world data
The evaluation criteria used can include metrics commonly used in ML (e.g., accuracy, specificity, and sensitivity) and outcomes used

by pathologists in the real world
Publish details about data acquisition and annotation processes

When publishing a dataset, release details pertaining to the data acquisition and annotation process to allow those who make use of
the dataset to investigate potential sources of bias and poor performance

ML, machine learning; TPS, The Paris System.

environment where cytological criteria, such as TPS are applied
without histologic correlation. Images containing benign urothe-
lial cells were assigned to the Benign class. Images containing cells
with mild atypia - defined as a nuclear to cytoplasmic (N/C) ratio
exceeding 0.5 with 1 or more of the following additional features:
mild nuclear hyperchromasia, irregular nuclear contours, or irreg-
ular coarse chromatin — were assigned to the Atypical class. When
severe atypia was present — as defined by an N/C ratio >0.7 togeth-
er with hyperchromasia and 1 or more of the following additional
features: coarse chromatin or irregular nuclear membranes - im-
ages were assigned to the Malignant class. The current Paris System
separates suspicious for high-grade urothelial carcinoma and high-
grade urothelial carcinoma (HGUC) depending on the number of
severely atypical cells. In the present study, these 2 categories were
combined into a single Malignant class as quantification of cells is
difficult on 512 x 512px static images.

For each of the labelling sessions, excluding the first, QA im-
ages were randomly selected from urothelial cells labelled in the
previous labelling session and then randomly distributed through-
out the new labelling session. Images labelled as squamous cells
and those rejected were excluded from the QA process.

To assess the effect of time on the labelling process, the labelled
set of images was split into 2 groups - images labelled up to and
including the median of the time the images were labelled relative
to the start (termed the relative label time) of the labelling session
and images labelled after this value. Specifically, the label time and
intersession agreement, measured by the Cohen « coefficient, were
assessed.
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Statistical Methods

Categorical data has been summarized using frequencies and
percentages. Non-parametric methods were used to analyse nu-
meric variables due to the lack of normal distribution and the pres-
ence of outliers. The differences in labelling time among classes
were assessed using a Kruskal-Wallis test. To assess the signifi-
cance of the difference in labelling time among classes, pairwise
2-tailed Kolmogorov-Smirnov tests and a Dunn test with Bonfer-
roni adjustment were performed. A Mann-Whitney test was used
to assess the difference in labelling time per image in the 2 groups
of images separated according to relative label time. A p value of
0.05 was used to determine statistical significance. Intersession/
intra-observer agreement of urothelial categories was assessed by
way of a k coefficient. k values between 0.0 and 0.20 indicated slight
agreement, between 0.21 and 0.40 fair agreement, 0.41-0.60 mod-
erate agreement, 0.61-0.80 substantial agreement, and 0.81-1.00
almost perfect agreement [15].

Software Used

Whole slide image processing and graph creation were per-
formed in Python™ 3 (https://www.python.org/). Feature extrac-
tion and clustering were performed using Matlab™ R2021a (http://
www.mathworks.com/). The custom image labelling software was
written in C# (Microsoft® Corporation), and Zoom™ (http://
zoom.us) was used for teleconferencing. Statistical analysis was
conducted in the statistical analysis software R [16].

McAlpine/Michelow/Celik



Included images

Fig. 1. Examples of the types of images included and rejected after initial clustering.

Results

Between 200 and 445 images were labelled during ses-
sions that ranged from 24 m 11 s to 41 m 06 s in length.
The median length of the labelling session was 33 m 47 s
(interquartile range = 07 m 38 s).

Ofthe 2,454 unique images, 1,153 (46.99%) were labelled
as benign urothelial cells, 187 (7.62%) as atypical urothelial
cells, and 175 (7.13%) as malignant urothelial cells. A fur-
ther 403 (16.42%) images were labelled as squamous cells
and 536 (21.84%) were rejected as they contained excessive
obscuring inflammation, were out of focus or did not con-
tain urothelial or squamous cells. Table 2 summarizes the
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Table 2. Summary of the annotated urine cytology dataset

New images, frequency (%) QA images, frequency (%)

B 1,153 (46.99) 188 (77.05)
Al 187 (7.62) 29(11.89)
m* 175(7.13) 27 (11.07)
S 403 (16.42) -

R 536 (21.84) -

Total 2,454 244

QA, quality assurance; SHGUC, suspicious for high-grade urothe-
lial carcinoma; HGUC, high-grade urothelial carcinoma; B, benign; A,
atypical; M, malignant; S, squamous; R, reject; TPS, The Paris System.
*Includes TPS categories SHGUC and HGUC.
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Benign urothelial cells

Atypical urothelial cells

Malignant urothelial cells

Squamous cells

Rejected images

Fig. 2. Examples of images included in the dataset.

breakdown of the dataset and Figure 2 demonstrates ex-
amples of images in the dataset.

The time taken to label individual images ranged from
1 sto42 s with a median of 2.9 sand an interquartile range
of 1.9 s. The median time taken to assign an image to the
atypical urothelial category was the slowest at 7.2 s, fol-
lowed by the malignant urothelial category at 3.8 s. As-
signing images to the benign urothelial category had the
shortest median time of the 3 urothelial categories at 2.9
s. Labelling an image as squamous cells or rejecting an
image was faster than assigning an image to a urothelial
category, with median times of 2.1 and 2.7 s, respectively.
The differences in the time take to label images among
categories were statistically significant (p < 0.001, Krus-
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kal-Wallis test). Furthermore, the significant difference
in labelling time among categories was present across all
pairwise combinations of the categories (p < 0.01 for all
categories by both Dunn post hoc test and Kolmogorov-
Smirnov tests). Figure 3 illustrates the labelling time of
image patches by category.

The overall level of agreement for all 244 QA images
was substantial (k = 0.73). The level of agreement dif-
fered among classes of urothelial cells, with the benign
and malignant urothelial cell classes showing almost
perfect agreement (k scores of 0.82 and 0.81, respec-
tively) while the atypical urothelial cell class showed
moderate agreement (k = 0.49). The results of the QA
process conducted during the annotation process is
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Fig. 3. Image labelling times by diagnostic category. B, benign; A,
atypical; M, malignant; S, squamous; R, reject.

Table 3. Summary of the QA dataset and associated level of
agreement

Urothelial cell Frequency (%) kscore  Level of

category agreement

B 188 (77.05) 0.82 Almost perfect
agreement

A 29(11.89) 0.49 Moderate
agreement

M 27 (11.07) 0.81 Almost perfect
agreement

Overall 0.73 Substantial
agreement

QA, quality assurance; B, benign; A, atypical; M, malignant.

QA disagreements

QA agreements
Fig. 4. Examples of QA images and the class
label assigned to each image in the first and
second labelling sessions. B, benign; A,
atypical; M, malignant; QA, quality assur-
ance.
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presented in Table 3 and examples of QA images are
shown in Figure 4.

To determine if prolonged labelling sessions caused
fatigue or if there was a difference in label time in the first
or latter part of the labelling session, a median relative la-
bel time was used as a cut off to evaluate the first and sec-
onds halves of the images labelled. The median relative
label time was 18 m 23 s and this value was used as the cut
off to split the dataset into 2 groups - the first comprising
images labelled up to and including this value and the
second, images labelled after this value. The time taken to
label each image in the first group ranged from 1 s to 24.9
s, with a median of 3.1 s and an interquartile range of 2.1
s. The time taken to label each image in the second group
ranged from 1 s to 42 s, with a median of 2.8 s and an in-
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terquartile range of 1.6 s. The difference in labelling time
per image in each group was statistically significant (p <
0.001, Mann-Whitney test). Figure 5 demonstrates image
labelling time in these 2 groups.

The level of agreement in the QA set in these 2 groups
was assessed by measuring the k score in the following
groups: both images labelled before 18 m 23 s, 1 image
labelled after 18 m 23 s, and both images labelled after 18
m 23 s. The first set (61 images) showed moderate agree-
ment (k = 0.56), the second group (118 images) showed
almost perfect agreement (k = 0.81), and the third group
(65 images) showed substantial agreement (k = 0.78), in-
dicating that the level of agreement did not get worse as
the relative label time increased. These data are summa-
rized in Table 4.
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Fig. 5. Image labelling time for images be-
fore and after the median relative label
time.

4,000

3,000

After
Position in process

Before

Table 4. Summary of the level of agreement between urothelial categories before and after the median relative label time

Category Both images labelled before One image labelled before Both images labelled after
median relative label time median relative label time median relative label time

Images, n 61 118 65

K score 0.56 0.81 0.78

Level of agreement Moderate agreement

Almost perfect agreement

Substantial agreement

Discussion/Conclusion

Dataset creation is a fundamental component of imple-
menting ML in pathology, including in the training and
validation of algorithms in laboratories, but limited pa-
thology literature regarding the dynamics of the dataset
creation process exists. In the current study, important
insights were gleaned by analysing the dynamics of creat-
ing a modest urine cytology dataset. Dataset creation, al-
though an important preliminary step in implementing
ML algorithms in cytology, adds to the workload of pa-
thologists and is likely to become a part of routine practice
in the future. Previously published data indicate that da-
taset labelling is a time-consuming process, taking up to
120-130 h of expert time to label 50 image patches for
nuclear segmentation algorithm training [17]. Datasets
can be annotated to differing degrees of detail [1]. Image
segmentation, representing strongly labelled data where
each pixel in an image is assigned a categorical label, re-
quires a significant amount of time to complete. Weaker
annotation, such as assigning a label on an image-wise ba-
sis, as was performed in this study, will require less pa-
thologist/cytotechnologist time. The median time taken
for assigning a label to the images in our study was 2.9 s.
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Of note, however, is that image labelling time took up to
42 s for more difficult images. Interestingly, the time taken
to assign images to different categories differed signifi-
cantly. Assigning an image to urothelial category took lon-
ger than assigning an image to the squamous cell category
or rejecting the image outright. Amongst the urothelial
categories, assigning an image to the atypical group took
almost twice as long as the malignant group and almost
two-and-a-half times as long as the benign group. Extrap-
olating from this limited dataset, it is estimated that label-
ling the entire 495,320 images obtained from the WSI of
the 214 cases used in this work would take approximately
400 h of pathologist time. Even if a pathologist could label
continuously for an hour, longer than any of the sessions
undertaken in the present study, this would mean 400 sep-
arate labelling sessions. Notably, this excludes QA images
in the process which would necessarily lengthen the label-
ling process and incorporating QA procedures in the da-
taset creation process is considered best practice [4].

As already stated, inter- and intra-observer variability
in urine cytology remains a challenge despite the intro-
duction of TPS. In the present study, the authors random-
ly introduced previously labelled urothelial images into
the subsequent labelling sessions to assess intersession
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agreement. A total of 244 images initially placed into uro-
thelial category were relabelled blindly. The overall agree-
ment, as measured by a k statistic, was substantial al-
though, as with labelling time, differences amongst diag-
nostic categories were evident. While the benign and
malignant classes showed almost perfect intersession
agreement, the atypical class showed only moderate agree-
ment. The difficulty in the reproducibility of the AUC cat-
egory is well documented in the literature, despite spe-
cific TPS criteria. The Paris Interobserver Reproducibility
Study (PIRST) [11], an online survey published in 2018
which aimed to assess diagnostic agreement amongst par-
ticipants and the TPS author consensus, showed similar
findings to the present study, with the most disagreement
in the atypical category and the most agreement in both
NHGUC (benign) and HGUC (malignant) categories. In
a 2017 study by Long et al. [10], the authors showed ade-
quate interobserver reproducibility for NHGUC while
deeming the reproducibility of the other TPS categories
unacceptable. In contrast to the Paris Interobserver Re-
producibility Study (PIRST) [11], Long et al. found poor
agreementamongst pathologists when diagnosing HGUC.
A more recent study by Wang et al. [12], again conducted
as an online survey, showed poor interobserver concor-
dance of both diagnosis and cytologic criteria in urine cy-
tology. As TPS places a strong emphasis on (N/C ratio for
categorization of urothelial cells, Long et al. [10], investi-
gated the accuracy and reproducibility of assessing N/C
ratios amongst 6 pathologists. The authors found fair cor-
relation between N/C estimation by pathologists and ac-
tual N/C ratio determined by image analysis. Additional-
ly, moderate interrater agreement of N/C ratio was noted
by Long et al. [10]. The ability of pathologists to accurate-
ly estimate N/C has been questioned by Zhang et al. [18],
who found that practitioners tend to overestimate N/C;
however, they did note that these “morphologists” (pa-
thologists, technologist, and pathology residents) were
significantly more accurate than non-pathology trained
individuals. The predominant consensus from available
literature suggests that while TPS has led to improvements
in the specificity, positive predictive value, and diagnostic
accuracy of urine cytology [13], this improvement is most
pronounced in the NHGUC (benign) and HGUC (malig-
nant) categories [12], and that the reproducibility of the
AUC (atypical) category remains challenging [10-12], a
fact supported by the present study.

Visual fatigue is an important factor that may affect the
accuracy of pathology dataset labelling. Gou et al. showed
that prolonged visual attention tasks lead to evidence of
observer fatigue as measured by both subjective (fatigue
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rating) and objective (e.g., reaction times and accuracy
rates) measures. The authors measured fatigue levels of
participants in the time period 0-25 min and again in 36—
60 min. While our labelling sessions were relatively short
ranging from just over 24 min to around 41 min, with a
median of 33 m 47 s, we attempted to assess the effect of
session length on the labelling process by measuring im-
age labelling time and intersession agreement in the first
and second halves of the labelling sessions (as defined by
the median relative label time). Our median relative label
time was 18 m 23 s, and our data show no evidence of a
decrease in either reaction time (measured by image label-
ling time) or accuracy (measured by intersession agree-
ment in QA images). In fact, our data suggest a significant
decrease in image labelling time in the second half of the
labelling session. This trend of faster labelling times and
no evidence of worsening of intersession agreement are
not; however, expected to persist with increasing labelling
session time. Further research into the optimal length of
time for labelling sessions and assessing visual fatigue in
pathology dataset creation is warranted.

Lastly, our dataset illustrates a potential problem for cre-
ating datasets for training ML algorithms in pathology. Da-
tasets used to train classification algorithms should contain
roughly equal numbers of examples of each diagnostic class
the algorithm will be trained to identify. This is referred to
as a balanced dataset [4, 5]. Our dataset is an example of an
unbalanced dataset with over 75% of urothelial images be-
ing benign and just over 10% of urothelial images being
atypical or malignant. Pathology datasets may be prone to
being unbalanced because rare diseases or examples will be
difficult to locate, identify, and label for inclusion in train-
ing sets. Specifically, in urine cytology, benign urothelial
cells are more abundantly represented, creating a potential
source of bias in urine cytology dataset creation.

In summary, this study contributes important findings
and practical guidance relating to the process of pathol-
ogy dataset creation. Specifically, proposing and imple-
menting techniques specifically related to pathology da-
tasets, quantifying the time taken to label a modest data-
set in ML terms, and illustrating the enormous resources
required for labelling a large dataset by extrapolation of
these measurements. Additionally, we present evidence
that the time taken to categorize urine cytology images
varies by diagnosis/class and that labelling an image as
atypical takes more time than assigning an image to a be-
nign or malignant class. The known challenges relating to
the reproducibility of the AUC category in TPS when
compared to the NHGUC (benign) or HGUC (malig-
nant) categories is also confirmed by our data.
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